INTRODUCTION
Reincorporation is a process whereby Colombian ex-combatants adapt to society after being part of an illegal armed group. This process is affected by their chronic exposure to violence, which is evidenced in changes in the expression of personality traits, social and cognitive behavior [1] . In the cognitive domain, some ex-combatants describe functional illiteracy or exhibit deficits in the executive function [2] . Together, these findings suggest that the exposition to combat experiences increases the expression of atypical socio-cognitive processes, especially in Emotional Processing (EP). EP is a neurocognitive mechanism in charge of the perception, recognition, evaluation and generation of a response to stimuli and relevant emotional information in the environment. It is crucial for human adaptation and survival [3] . This process begins by identifying changes in internal and external circumstances with different valences that act as triggering situations in emotional recognition [4] . This process activates multiple sources of cortical and subcortical brain structures during the observation of a stimuli and facilitates a rapid response appropriate to the social context [4] .
The assessment of their cognitive and behavioral EP profile is crucial to characterize ex-combatants after chronic exposition to war. Moreover, the characterization of EP will contribute to design cognitive training aimed to help ex-combatants in their reintegration process [1] . With this purpose, in this work we propose the use of brain connectivity analysis to detect atypical functioning in the EP of Colombian excombatants.
Studies in veterans have shown that experiences of combat and trauma during deployment were strongly associated with aggressive and violent behaviors. Veterans mainly manifest differences in emotional information processing [5] . Regarding Colombian ex-combatants, an atypical functioning of similar mechanisms is hypothesized. In [2] , the authors proposed psychological tests to evaluate how Colombian excombatants are processing emotional information. They found a slight tendency of ex-combatants to poorly recognize positive emotional valence (specifically, recognizing happy faces), but it did not reach statistical significance compared to the control group.
Another way to study EP consists in evaluating the Event Related Potentials (ERP) modulation [3, 6, 7] . In [6] , the authors found associations between the excombatants' ERPs responses to emotional images from the International Affective Picture System (IAPS) system and their empathy levels. In a previous work [7] , it was found that when using ERP modulations and the analysis of aggressive responses and social interactions, both groups (ex-combatant and civilian) could be automatically separated by applying supervised machine learning techniques. However, we only used psychological tests and ERPs modulations in response to visual stimuli [3] . Based on these approaches, it is not possible to recognize how different functional areas contribute to the expression of failures in emotional processing of ex-combatants.
Brain connectivity analysis has been proposed as a useful methodology to evaluate interconnected activation during EP [8, 9] . This technique focuses on how the brain processes the information to establish the pattern of activation required to generate a cognitive process [10] . Connectivity can be described at several levels: anatomical or structural, functional, and effective [11] . Functional connectivity is modified by life experiences [11] and has been employed to evaluate the EP of clinical populations with psychiatric disorders [12] . Thus, functional connectivity analysis can be useful for the evaluation of the EP of subjects without clinical conditions but with special characteristics, such as exposure to armed conflict [11] .
Functional connectivity is defined as the temporal dependency of neural activation patterns of brain areas. It does not include directionality information. It relies on statistical measures such as correlation, covariance, spectral coherence or phase locking. Commonly, the computation of functional connectivity requires high temporal resolution and, for this specific population, it should be portable; therefore, electroencephalography (EEG) is a viable recording option [11] .
The interpretation of the connectivity analysis performed on scalp-level EEG data is difficult and error-prone, because any neurophysiological interpretation of EEG data is hindered by the volume conduction problem [13] . Volume conduction can lead to uncertainties for many but not all connectivity analysis. Uncertainties exist because the connectivity could come from electrodes measuring activity from a single brain source, and not from true interactions between electrodes [13] .
There are several metrics to estimate functional connectivity, each of them affected to different degrees by this phenomenon. In this work, we propose to select one of five functional connectivity metrics: Correlation, Cross-Correlation, Coherence, Imaginary part of Coherency and the Phase-Lag Index [14] . To achieve this, we provide an explanation of how these connectivity metrics work, including their quantitative definition.
To assess the EP in ex-combatants, thirty Colombian ex-combatants and 20 Colombian individuals participated in the study. They performed an emotional recognition computerized task that used visual stimuli from the IAPS [15] , synchronized with EEG recordings. In general, these stimuli can generate emotional activation in a similar way to real conditions [16] . Using this dataset, we generated connectivity maps based on the metrics previously mentioned to compare their performance in group analysis. Finally, by using statistical tests we identified significant differences between the emotional processing of ex-combatants and civilians. 
METHODOLOGY

Emotional processing -experimental task
Participants performed an emotional categorization task based on the International Affective Picture System (IAPS) [15] validated for Colombian population [17] . This system consists of a set of visual stimuli with a wide range of semantic categories (positive, negative and neutral); positive and negative images contain high emotional intensity. These visual stimuli generate emotional activation in a similar way to real conditions: induction of mental representations, psycho-physiological changes, and facial action [16] . The task was designed in E-prime Software [18] . The participants were asked to categorize the stimulus displayed on a computer screen according to their valence, responding whether the stimuli were positive, neutral or negative as quickly as possible. In total, 60 images were selected from the IAPS, in accordance according with their Colombian validation [17] . The task was divided into four blocks. Each block consisted of 60 trials with images (20 positives, 20 neutrals and 20 negatives). Each stimulus was presented randomly presented per block, in total 240 stimuli were presented. The IAPS images were controlled in terms of brightness, color and intensity. They were presented in a 17-inch screen, 60 cm away from the participant. Fig. 1 shows the task pipeline; it consists of four steps per trial. At first, a fixation cross is presented for 1000 ms to promote attentional focus on the center. Second, there is an inter-stimulus interval ranging from 700 to 1000 ms. This step avoids habituation and the prediction of the next stimulus. Third, the stimulus is presented: IAPS images with different valence (positive, negative or neutral). This step lasts 500 ms. Finally, a response time of maximum 10 s was set.
Data acquisition
EEG recordings were acquired with a 64-electrode NeuroScan EEG SynAmps2 amplifier [19] at a sample rate of 1000 Hz. The electrodes were placed in accordance with the international 10-20 system. The impedances were maintained below 10 kΩ to obtain a good conductivity between the scalp and the electrodes. Scan 4.5 software was used for data recording [19] . The participants were seated in a comfortable chair in front of a computer monitor, at a distance of 60 cm, inside a Faraday cage with the lights off for guaranteeing isolated electric conditions. The participants were asked to try not to blink, move, or speak while performing the task. Fig. 1 . Stimulus design. The trial starts with a fixation cross, followed by a random Inter-Stimulus Interval (ISI) between 700 and 1000 ms. The target stimulus is presented for 500 ms. The participants must respond within 10 s. Source: Authors.
Signals preprocessing
EEG recordings were preprocessed in EEGLab toolbox for MATLAB [20] . The first step in the preprocessing was to down-sample the signal from 1000 Hz to 500 Hz. They were re-referenced using Mastoids as a common reference for all channels. Then, a band-pass IIR digital filter was applied from 0.1 to 60 Hz to reduce environmental artifacts (power line noise) in the EEG data and to extract specific frequency bands associated with human cognition.
To distinguish between artifacts and neural components of EEG signals, an automatic method described in [21] was employed. The automatic method is based on Independent Component Analysis (ICA) and Support Vector Machine (SVM). This method has the ability to isolate artifact components such as eye blinking, eye movements (EOG), muscular contractions (EMG) or cardiac signals (ECG) with high accuracy [21] .
After identifying the artifacts' independent components, they were removed and the original configuration (64-channel EEG) of the signals was reconstructed. Then, the recordings were segmented from 200 ms before the stimulus to 800 ms after it. For each trial, the stimulus was tagged as negative, neutral or positive for the emotional processing task. Baseline correction was performed by subtracting the mean of the signal during the time window from -200 to 0 ms before the stimulus. Then, each trial was inspected for leftover noise in the signals to make sure only clean segments underwent further analysis. Finally, four electrodes (HEO, VEO, CB1 and CB2) were excluded as they do not record neural activity.
Selection of the functional connectivity metric
There are several connectivity metrics used to estimate how different brain areas are connected during an experimental task. Functional connectivity is assessed by metrics that establish the existence of any type of covariance between two neurophysiological signals without providing any causal information. Below, five metrics divided into three different categories are described (see Fig. 2 ).
As shown in Fig. 2 , not all functional connectivity metrics are represented in the frequency domain. Then, before computing the non-frequency-based ones, it was necessary to extract specific frequency bands associated with human cognition. Five band-pass IIR digital filters (with orders varying from 9 to 12, depending on the band) were applied to the previously preprocessed EEG signals to divide them into different frequency bands of interest: Delta (0.10 Hz-3.99 Hz), Theta (4.00 Hz-7.99Hz), Alpha (8.00 Hz-13.99 Hz), Beta (14.00 Hz-29.99 Hz) and Gamma (30.00 Hz-59.9 Hz).
The Pearson's Correlation Coefficient (COR) and the Cross-Correlation Function (XCOR) are time-domain-based. The COR is defined as the covariance of two signals scaled by the variance of each one of them and it estimates the linear correlation between them [22] . If ( ) ∈ ℝ and ( ) ∈ ℝ are EEG signals at two different electrodes, and is the number of time samples per epoch ( = 1,2, … , ) the COR is defined as:
Where ̅ and ̅ are the sample mean of ( ) and ( ) respectively. The result of computing is a scalar value at a given time window. The range of COR is 0 ≤ ≤ 1. When = 0, signals ( ) and ( ) have no linear interdependence, while = 1 means complete linear direct correlation between the two signals. Therefore, higher correlations indicate stronger functional connection between the related signals. The XCOR is the cross-covariance of two EEG signals, ( ) and ( ), scaled by their individual variance [22] . The XCOR appraises the linear correlation between the signals as a function of time ( = 1,2, … , − ):
Where is the time lag determined by the argument of the maximum XCOR When = 0, XCOR is equal to the Pearson's correlation coefficient. The result of is a scalar value at a given time window. XCOR values ranges between 0 ≤ ( ) ≤ 1. When ( ) = 0, signals ( ) and ( ) have no linear interdependence at time lag , and ( ) = 1 represents complete linear direct correlation at time lag .
In the frequency domain, the Coherence Function (COH) quantifies the linear relations between signals at a specific frequency. COH is defined as the absolute value of the complex coherence [23] . Coherence estimates how the phases in two different channels are coupled to each other. Coherence is calculated by the cross-spectral density function of the two EEG signals, normalized by their individual autospectral density functions. Complex coherence is calculated as follows:
In Eq. (3), ( ) and ( ) are the auto-spectral densities of ( ) and ( ), respectively. Then, COH coefficients are computed for each frequency f as follows:
The normalization factor puts coherence on a scale from 0 to 1, where one means complete coherence and zero, complete independence between ( ) and ( ) at frequency .
The Imaginary Part of Coherency (ICOH) is obtained when complex values of the coherence are projected onto the imaginary axis [24] . ICOH is a metric of phasesynchronization between two signals ( ) and ( ) that uses the same equation as COH (Eq. 3), except that the imaginary part of coherence is selected before computing the magnitude. ICOH is zero when the cross-spectrum between the two EEG signals, ( ) and ( ), has a 0° or 180° phase, and maximum when the cross-spectrum has a phase of ±90°. Then, ICOH is not affected by the 0° or 180° cross-spectral relationship between the volumeconducted activities of a single source at two separate sensors. Discarding contributions to the connectivity estimate along the real axis explicitly removes instantaneous potentially-spurious interactions due to field spread of volume conduction. Thus, ICOH captures true source interactions at a given time lag [24] . Phase-Lag Index (PLI) is a phasesynchronization metric that quantifies the asymmetry of the distribution of phase differences between two signals [25] . PLI is based on the imaginary component of the cross-spectrum; then, it is not spuriously affected by volume conduction or by a common reference. PLI is computed by averaging the sign of the estimated phase difference between ( ) and ( ) per observation:
Where [·] is the expected value operator, sgn[⋅] is the sign function, and ∆ is the phase angle difference between the signals at time instant t. The range of PLI is 0 ≤ ≤ 1. When = 0 there is no coupling between the signals ( ) and ( ), when = 1, there is perfect phase locking at a value of ∆ between both signals.
Selection of the Regions of Interest (ROIs)
Several studies have reported that a circuit of activated or deactivated brain regions is involved in many aspects of emotion (i.e. affective style, aggressive and violent behavior, emotional processing and emotion regulation),. The circuit involves not only subcortical areas (e.g., amygdala or the basal ganglia), but also cortical areas, mainly Prefrontal Cortex (PFC), Anterior Cingulate Cortex (ACC), as well temporal and medial parietal cortices [26] . Considering these findings, we defined 10 initial regions of interest (ROI) for further connectivity analysis of interaction patterns. Subsequently, the connectivity spatial patterns of the selected metric and the results of a Wilcoxon Rank-Sum statistical test were analyzed to eliminate the regions where no significant differences were found between ex-combatants and controls for any of the connections across these and other regions. The initial ROIs are depicted in Fig. 3 .
Linear Discriminant Analysis LDA [27] was used to compare the performance of the functional connectivity metrics when classifying ex-combatants vs. civilians for each condition of the emotional processing experimental task (negative, neutral and positive) in the previously described ROIs and for each tested frequency band. We used the Wilcoxon rank-sum test [28] to identify the group differences in functional connectivity between excombatants and civilians. Three betweengroup Wilcoxon Rank-Sum tests were calculated: 1. Group (Ex-combatants vs. Controls), 2. Condition × Group, and 3. Condition × Band × Group. Statistical analyses were performed using MATLAB and a significance level of p < 0.05. All the tests were subjected to correction for multiple comparison. With these comparisons, we expected to find significant differences between Colombian ex-combatants and individuals not directly exposed to the armed conflict
RESULTS AND DISCUSSION
Selection of the functional connectivity metric
The connectivity metrics presented above were analyzed. Different LDAs were implemented for task conditions and frequency bands. Forty-five features for LDA were obtained by averaging the connectivity values from all electrodes from one ROI to another. For instance, the connectivity from left frontal-central to right frontalcentral regions (RoI 3 and RoI 4 in Fig. 3 ) is the average connectivity of all pairs from (F1, Fc1, F3 and Fc3) to (F2, F4, Fc2 and Fc4). Then, a vector of 45 features per subject was the input for each LDA classifier. The LDA performances were evaluated using a 10-fold cross-validation for each class. LDA classification accuracy for negative, neutral and positive conditions is shown in Tables 2, 3 and 4, respectively.
For the negative condition, Table 2 shows that the metric with highest performance was ICOH in three out of five (Delta, Theta and Alpha) frequency bands. COH had a better performance for Beta and Gamma bands. For the neutral condition, Table. 3 shows no concrete results about which metric was better, since each one had higher accuracy for one or two out of five frequency bands, except for COH with none.
For the positive condition, Table. 4 shows that the performance of ICOH was considerably better in the Beta band than the other metrics. Additionally, ICOH had a better performance in Theta and Gamma bands. COH showed better performance in the Delta band and PLI showed better performance in the Alpha band.
Representation of spatial patterns
The topographical connectivity maps for Alpha and Beta frequency bands across each condition are depicted in Fig. 4 . Each map represents the within-group average value of the connectivity metric per electrode. The strongest connection is depicted in red color and the weakest in dark blue. All the maps were plotted using the topographic plot function of EEGLab toolbox [20] . Based on Fig. 4 , the connectivity spatial patterns of COR, XCOR and COH suggest that their results were affected by volume conduction. Besides, the ICOH and PLI patterns were similar to each other in both groups, concentrated in the occipitalparietal brain areas. Together with LDA results, ICOH had the best performance when classifying ex-combatants vs. civilians. Thus, ICOH was selected for further analysis.
Selection of the brain region of interest
Regarding the ROI, the connectivity spatial patterns of ICOH exhibit low connectivity in the frontal regions in most frequency bands (See Fig. S1-S5 ) for every task condition. Additionally, no significant differences were found between excombatants and controls in any of the connections across the frontal regions (ROI1 to ROI4) and the remaining area. Even though the frontal lobe is crucial for cognitive control functioning, there is no evidence of a difference in this dimension in ex-combatants. Indeed, previous studies have suggested a reorganization of posterior neural regions during the processing of social cognition among ex-combatants [3, 6] . Particularly, N170 is a posterior ERP component that has been associated with valence recognition of faces and words. In this line, studies in ex-combatants have suggested a larger activation across parietal regions during face processing and limited modulation for the emotional content of words. This kind of modulation has not been reported in frontal areas. It should be noted that this is an emotional recognition task designed to modulate and activate posterior and central areas, i.e., the task does not include an explicit cognitive control instruction necessary to elicit more robust anterior activation. Then, the four frontal ROIs were rejected for the final model. The new ROIs were ROI1= C1, Cp1, C3 and Cp3, ROI2= Cz and CpZ, ROI3= C2, Cp2, C4 and Cp4, ROI4= P1, P3, Po3 and Po5, ROI5= PZ and PoZ, and ROI6= P2, P4, Po4 and PO6.
Statistical test results
Group (Ex-combatants vs. Controls): In this test, the full information (all frequency bands and all conditions) was included. No significant differences were found in each pair. However, the p-values suggested a tendency to differentiate the connectivity of both groups between pairs: ROI1-ROI2 (p=0.021, q=0.173), ROI2-ROI3 (p=0.023, q=0.173) and ROI3-ROI5 (p=0.049, q=0.245). In these three cases, the median connectivity between ROIs was higher in the controls than in the ex-combatants group, and the percentages of difference in connectivity were 11%, 8% and 10%, respectively (See Table S1 ).
Condition × Group: No significant differences were found between excombatants and controls for negative and neutral conditions. Significant differences between ex-combatants and controls were found in the connectivity across ROI1-ROI4 (p=0.0027, q=0.0209) and ROI3-ROI4 (p=0.0010, q=0.0152) for the positive condition. Consistently with the differences found in the first test, the connectivity across these regions was higher in controls. The connectivity across regions ROI1 and ROI4 was 17.42%, and across ROI3 and ROI4 was 26.79% higher in the control group (See Table S2 ).
Condition × Band × Group: No significant differences between ex-combatants and controls were found in Delta, Theta, Alpha, and Gamma bands for any condition. In the Beta band, significant differences between ex-combatants and controls were found for positive condition in the connectivity between regions ROI2-ROI4 (p=0.0044, q=0.0336), and between regions ROI3-ROI4 (p=0.0005, q=0.0088). The connectivity of controls in ROI2-ROI4 and ROI3-ROI4 was 17.63% and 27.46% higher than the ex-combatants' connectivity, respectively (See Table S3-S7) .
With the proposed methodology, significant differences between ex-combatants and civilian people were obtained. Differences in the connectivity were found in the stimulus with positive valence in the Beta frequency band. Even though neutral valence is commonly misclassified as negative in normal population, the recognition of emotional stimuli that refers to potential negative/neutral information is necessary for evolutionary purposes [29] . In this sense, combat experience might preserve the ability to categorize images with content.
The overall results are consistent with Table. 4, in which the best performance for the ICOH metric in the beta band corresponded to the positive stimulus. The Beta band has been associated with emotional processing in the evaluation of all types of valence [30] . Some studies demonstrated a wide posterior and anterior synchronization associated with the evaluation of positive content [30] . The authors found that the Beta band was more strongly involved in the evaluation of positive content than negative-valence content [31] . Additionally, these findings support the literature regarding the difficulties Colombian excombatants have to process emotional information with positive valence [6, 7] .
CONCLUSIONS
In this work, we presented a methodology to find atypical functioning in the EP of Colombian ex-combatants using brain connectivity analysis. First, we presented the advantages and drawbacks of five widely used functional connectivity metrics: COR, XCOR, COH, ICOH, and PLI.
Their connectivity spatial pattern representations were affected and several LDA were implemented. As a result, we identified that COR, XCOR and COH metrics were influenced by the volume conduction, because their patterns revealed that the connectivity was dominated by local connections among adjacent sensors. In contrast, PLI and ICOH patterns were similar to each other. Additionally, local connections were absent in ICOH and PLI. Then, with the results of the LDA we concluded that ICOH presented the best performance, because using this metric we obtained higher accuracy values for two out of the three task conditions. By using the ICOH metric, excombatants presented significant differences in the processing of emotional information with positive valence. These differences were found in the connectivity across two pairs in the Beta frequency band: the first is composed of the medial centralparietal (Cz-Cpz) and the right centralparietal (C2, Cp2, C4, Cp4) regions, and the second one comprises the right centralparietal and left parietal-occipital (P1, P3, Po3, Po5) regions. Based on these results, we conclude that Colombian ex-combatants and civilians present a similar processing of emotional information for stimuli with neutral and negative valence, but there are differences in the stimuli with positive valence. This atypical connectivity may be due to the conditions experienced in the armed conflict. There is potential in using these functional markers in diagnosis and as a first step in the development of future intervention treatments. The use of biological markers obtained with this method might help to complement neuropsychiatric evaluation of chronic exposition to combat (i.e., Post-traumatic Stress Disorder) and be the basis for future intervention treatments, not only for ex-combatants, but for population directly exposed to armed conflicts.
